Introduction
The reservoirs, as the main worldwide aquatic ecosystems, have been impacted by broad-scale point and non-point environmental pressures, resulting in the disposal of domestic and agricultural waste water, runoff of nutrients, organic and toxic compounds Danz et al., 2007) . The land-use changes in the watershed, overlapping in space and time, may have considerable effects on the reservoirs. Particular negative effects are produced by changes in agricultural practices, leading to the disruption of the structure and functioning of these man-made systems (Robarts, 1985; Reynolds, 1992; Vasconcelos, 2001) . In this context, any management option must take into account not only the components of the reservoir, but also the human activities within the respective watershed. Consequently, the management strategies for aquatic systems in general, and for reservoirs in particular, has an increasing need for tools capable to relate intrinsic variables with perceived external threats to the parameters of water quality that the national entities have been established to protect and/or improve. The growing need to analyse the present state of ecosystems and to monitor their rate of change, has triggered a demand for studies that explore species environment relationships and use these relationships to assess and predict changes under anthropogenic influence (Statzner et al., 2001; Simboura et al., 2005; Ekdahl et al., 2007) . Building on the long tradition of using organisms in monitoring and assessment programs, the European Commission issued a directive (European Water Framework Directive, WFD) mandating the use of different organism groups to monitor the integrity of inland waters and coastal regions. In this context, the use of adequate ecological indicators is particularly helpful in assessing the impact of environmental changes on characteristic ecological patterns (Barbour et al., 1999; Andreasen et al., 2001; Dziock et al., 2006) . Therefore, key aquatic communities have been used, in some cases for decades, to evaluate water quality and ecological status of aquatic ecosystems, namely lakes and reservoirs. In this paper, the phytoplankton community and their physicochemical environment were used as ecological indicators, since they represent the base of lakes and reservoirs food webs and quickly respond to stresses and perturbations. In fact, these variables have been commonly chosen for aquatic bioassessment since they meet the following criteria (Hå kanson and Peters, 1995; Moldan and Billharz, 1997; Heiskanen and Solimini, 2005) : (1) are measurable, simply and inexpensively, (2) clearly interpretable and predictable by validated quantitative models, (3) internationally applicable, (4) relevant for a given environmental threat, (5) representative for the given ecosystem, and (6) comprehensible to politicians and the general public.
The WFD prescribes that European countries restore the ''good ecological status'' of water bodies of their aquatic systems. One way to cope with the complexity of this problematic for sound environmental management of reservoirs is to apply mathematical models of different kinds (Even et al., 2007) . Therefore, ecological integrity studies have been improved by creating dynamic models that simultaneously attempt to capture the structure and the composition in systems affected by long-term environmental disturbances (Jørgensen, 1994; Costanza and Voinov, 2003; Chaloupka, 2002; Cabecinha et al., 2004 Cabecinha et al., , 2007 Silva-Santos et al., 2006 , 2008 . The application of ecological models can synthesize the pieces of ecological knowledge, emphasizing the need for a holistic view of a certain environmental problem (Jørgensen, 2001; Cabecinha et al., 2004 Cabecinha et al., , 2007 Silva-Santos et al., 2006 , 2008 . Any environmental assessment must begin with a conceptual model that includes the natural geographic and habitat setting, human activity that can potentially stress the ecosystem (e.g., agriculture), stressors resulting from that human activity (e.g., increased nutrients) and the effects of those stressors on the ecosystem (Stevenson et al., 2004) . Nowadays environmental assessment is pushed to assist with land use planning decisions and projections of 'what if' scenarios at the landscape scale and, consequently, it is necessary to capture the main cause-effect relationships between human activity and ecosystem responses (Bailey et al., 2007) .
Since many of the ecosystem phenomenological aspects are holistic, whole-system properties, the main vocation of the Stochastic Dynamic Methodology (StDM) recently developed is a mechanistic understanding of the holistic ecological processes, based on a statistical parameter estimation method (Santos and Cabral, 2003; Cabecinha et al., 2004; Silva-Santos et al., 2006 , 2008 . This recent research is based on the premise that the general statistical patterns of ecological phenomena are emergent indicia of complex ecological processes that do indeed reflect the operation of universal law-like mechanisms. The StDM is a sequential modelling process developed in order to predict the ecological status of changed ecosystems, from which management strategies can be designed. This methodology was successfully tested in several types of ecological systems, such as mountain running waters (Cabecinha et al., 2004 (Cabecinha et al., , 2007 , mediterranean agroecosystems (Santos and Cabral, 2003; Cabral et al., 2007) , estuaries (Silva-Santos et al., 2006 , 2008 , and for simulating the impact of socioeconomic trends on threatened species .
The goal of the present work is to apply and extend the above principles to reservoir water quality management, and to demonstrate the potential of the StDM in the scope of the practical implementation of the WFD. Therefore, when applied as a multi-scale approach, the StDM model can be run for different levels simultaneously taking into account stochastic/ random phenomena that characterize the real ecological processes. The main objectives of this paper include not only to validate but also to demonstrate the StDM performance in capturing how expected changes at land use level will alter the reservoir water quality, namely at physicochemical and phytoplankton levels. Since the progressive tendency to degradation of reservoirs takes place in most watersheds of Northeast Portugal (Moreira et al., 2002) , the Douro river basin was used as an exemplificative scenario. The hypotheses to be tested were: (1) that the selected metrics are representative of the local phytoplankton community and physicochemical environment that changes in some predictable way with the increasing of human and natural influences, and (2) that the ecosystem integrity and respective ecological status can be assessed by the state variables, assumed as important ecological indicators, used in the StDM model construction.
2.
Materials and methods
Study area
This study was carried out in 11 reservoirs from the Douro river catchment (North of Portugal): Miranda (MRD), Picote (PCT), Bemposta (BMP), Pocinho (PCN), Valeira (VAL), VilarTabuaç o (VLR), Ré gua (RG), Varosa (VRS), Carrapatelo (CRP), Torrã o (TR) and Crestuma (CRT) (Fig. 1) . The main purpose of all these reservoirs is hydroelectric power generation, although some secondary uses are also common, such as navigation, irrigation, water supply and recreation. The Douro River flows within the largest watershed in the Iberian Peninsula, draining 98,000 km 2 (17% of this territory).
The flow of this international watershed, shared between Spain (80%) and Portugal (20%) and heavily regulated by 51 large dams, represents about 15 km 3 of freshwater per year discharged into the Atlantic Ocean. However, the flow regime depends not only on climatic conditions but also on hydroelectric power generation needs in both countries, as well as by irrigation needs, particularly in Spain. In Portugal, the first dam on the watershed was built in 1920, but the larger dams (with more than 15 m of wall height) started operating only in the late 1950s. These dams are particularly concentrated in the last 350 km of the main river course. Altogether, large dams retain up to 1100 hm 3 (13%) of water in Portuguese reservoirs and 7500 hm 3 on the Spanish side of the watershed (Vieira and Bordalo, 2000) . In Portugal, rainfall has a high seasonal variation, occurring 70% of the total precipitation between October and May. In Douro catchment more than 1400 mm/year occurred in the mountainous northern areas and less than 500 mm/year in the semi-arid central part of this region. This extensive geographic area represents a wide range in physical and chemical characteristics, soil use and anthropogenic pressure, including both good and poor water quality conditions. Most of the population lives in coastal areas. Therefore, many impacts associated with urbanization are present there, namely water quality problems associated with nutrient enrichment and high biochemical oxygen demand (BOD) due to industrial effluent discharges, urban development and intensive agriculture. For example, the Crestuma reservoir, located at 21.6 km from Douro's mouth, is the only suitable source for the production of potable water for approximately two million inhabitants of the Porto region, representing 20% of the Portuguese population.
In general, land use of the Douro basin is dominated by agricultural activities, although the high concentration of industries, mainly transformation industries and mines, is also important.
The majority of these dams are ''run-of-river'' reservoirs (see Table 1 for details), with very low water residence time and with the hydrological stability mostly conditioned by the short-term atmospheric conditions. The remaining dams (VLR, VRS and TR) are explored as true reservoirs, with relatively high water residence time and with variations along Reservoir type
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Environmental variables and chlorophyll a
The environmental and biological variables were measured by the national Laboratory of Environment and Applied Chemistry (LABLEC), from 1996 to 2004, four times per year, corresponding to spring, summer, autumn and winter. These variables were sampled according to the methodologies described by CEN/TC 230. All samples were collected at 100 m from the reservoirs's crest, at approximately 0.5 m depth. From all reservoirs, 58.8% were sampled annually, 26.5% biannually and 14.7% triennially (Table 1) .
To determined soil use dynamics in Douro watershed, i.e., rates of soil use alterations, a geographic information system database was created (ESRI, ArcGIS 9.0), with 13 spatial variables (see Table 1 ). These use/land cover variables derived primarily from the Corine Land Cover from two distinct decades 1990 and 2000 (CLC, 1990 and 2000; IGEOE, 2006) , additionally the proportions of the predominant CLC classes in the basin (urban areas, intensive and extensive agriculture, natural and semi-natural areas and burned areas) were calculated.
The trophic classification of reservoirs was obtained from the OCDE model (Vollenweider and Kerekes, 1982) , based on Total Phosphorus, Shecchi Depth and Mean Chlorophyll a concentration (see Table 1 ).
Biological variables
The phytoplankton samples were collected from 1996 to 2004, with the periodicity described for the environmental parameters, using a Van Dorn bottle net, at a depth of approximately 0.5 m. Phytoplankton community composition was studied through inverted microscopy, following Utermohl's method (Lund et al., 1958) . For the quantification and identification of phytoplankton, samples were fixed in Lugol's solution (1%, v/v) and, when possible, identified to the species level. The abundance of each taxon was estimated using a 5-score scale criteria (0-absent to 4-bloom).
Statistical analysis and modelling procedures
The soil use dataset, the base of the dynamic sub-model of our StDM application (level 1), incorporates real gradients relying on land cover alterations through one decade, from 1990s to 2000s, in the Douro river watershed. A stepwise multiple-regression analysis (Zar, 1996) was used to test relationships between the soil use dynamics within the watershed (level 1) and the physicochemical variables of the reservoir (level 2) and between these aquatic environmental variables and the phytoplankton metrics (level 3). In level 2, the dependent variables, selected as representative of the physicochemical status of water column reservoir, were: total coliforms, PO 4 , Cl, NH 4 , BOD 5 , pH, SiO 2 , DO, NO 3 , hardness, turbidity and SO 4 . For this level, the independent variables considered were the 13 soil use variables and the 5 stochastic environmental variables, namely surface water temperature, precipitation, volume, level and water residence time (see Table 1 
for details).
In level 3, the dependent variables, selected as representative of the local phytoplankton, were: Cyanophyta (Blue-green algae), Clorophyta (Green algae), Bacillariophyta (diatoms) and Chlorophyll a. The independent variables considered for the phytoplankton metrics were the 17 environmental variables referred above for level 2 and for the stochastic environmental variables.
From a bottom up perspective, each living component interacts with other living components and non-living features of their shared habitat. A step down procedure was used to test the effect of each variable in the presence of all other pertinent variables, with the least significant variable being removed at every step. The analysis stopped when all the remaining variables had a significant level P < 0.05 (Zar, 1996) . The multi-level approach gives realism to the interactions considered by incorporating into the model a typical ''cascade effect'' observed in these processes Bailey et al., 2007) . Therefore, in order to simplify the model structure, only the main key-components were introduced as representative ecological indicators, but which obviously could be complemented by other relevant state variables or other dynamic variables in further applications. The specifications of all variables considered are indicated in Table 1 . Although the lack of normality distribution of the dependent variables was not solved by any transformation (Kolmogorov-Smirnov test), the linearity and the homoscedasticity of the residuals were achieved by using logarithmic transformations (X 0 = log[X + 1]) in each side of the equation,
i.e., on both the dependent and independent variables (Zar, 1996; Podani, 2000) . The lack of substantial intercorrelation among independent variables was confirmed by the inspection of the respective tolerance values. All the statistical analysis was carried out using the software SYSTAT 8.0
1 . Since this statistical procedure was based on a very complete database, covering true gradients of environmental and biological characteristics of the reservoirs in the Douro basin ( Fig. 1) , over space and time, the significant partial regression coefficients were assumed as relevant holistic ecological parameters in the dynamic model construction. This is the heart of the philosophy of the StDM. In a holistic perspective, the partial regression coefficients represent the global influence of the environmental variables selected, which are of significant importance on several complex ecological processes. To develop the dynamic model the software STELLA 8.1.4 1 was used.
Water quality indices and trophic level classification system are useful tools for enhancing communications between scientists, water managers, policymakers and/or the general public. Therefore, some of the ecological indicators selected were described using Carlson's Trophic Status Index (TSI). The status for Secchi depth (SD), chlorophyll a (Clp a) and total phosphorus (TP) were described using the following equations (Carlson, 1977 Other indices have been constructed to be used as a complement of these basic three. Since nitrogen limitation still classifies a lake along Naumann's nutrient axis, the effect of nitrogen limitation can be estimated by having a companion index to the TSI(TP). Therefore, the TSI(TN) was introduced in the model and calculated using the following formula (Kratzer et al., 1982) : TSIðTNÞ ¼ 54:45 þ 14:43 Â ln TNðmg=LÞ:
A major strength of TSI is that the interrelationships between variables can be used to identify certain conditions in the lake or reservoir that are related to the factors that limit algal biomass or affect the measured variables. The concept of trophic status is based on the fact that changes in nutrient levels (measured by TP and NT) causes changes in algal biomass (estimated by Clp_a measures) which in turn causes changes in lake clarity (measured by SD). TSI values greater than 50 are associated with eutrophy (high productivity). The range between 40 and 50 is usually associated with mesotrophy (moderate productivity) and values less than 40 are associated with oligotrophy (low productivity) (Carlson, 1981 (Carlson, , 1983 . Since some of these trophic variables do not survive when the initial stepwise multi-regression analysis was carried out, namely TP and SD, significant relationships were found between them and other environmental variables from the StDM model. Therefore, simple linear regression models were introduced in the model in way to estimate the concentration of total phosphorus from total nitrogen concentration (TN, as a sum of NO 3 and NH 4 ) (y = 0.018x + 0.023; R 2 = 0.348; N = 25) and Secchi disk transparency from turbidity (y = 0.775x + 3.83; R 2 = 0.732; N = 25).
For validation purposes, a set of biological and environmental data (including land cover) from the Torrã o reservoir, that are independent of the data used to structure the StDM model and estimate its parameters, were used to confront the simulated values of a given state variable with the real values of the same component. A regression analysis (MODEL II) was performed to compare the observed real values of the selected variables with the expected values obtained by model simulations for the same periods. At the end of each analysis, the 95% confidence limits for the intercept and the slope of the regression line were determined which, together with the results of the respective analysis of variance (ANOVA), allowed to assess the proximity of the simulations produced with the observed values (Sokal and Rohlf, 1995) . When the results of the regression analysis were statistically significant, i.e., when the intercept of the regression line was not statistically different from 0 and the slope was not statistically different from 1, the model simulations were considered validated (Sokal and Rohlf, 1995; Oberdorf et al., 2001) .
The model is prepared to work with table functions for validation purposes (Validation Mode) and to produce stochastic simulations based on the monthly stochastic variability of some environmental variables (Random Mode). Simulations based on stochastic principles take into consideration the random behaviour of some environmental variables with influence on the studied ecological phenomena. 
3.
Results and discussion 3.1.
Multi-level interactions
In the StDM, a stepwise multiple-regression analysis was used to search for significant correlations between the different levels of variables used in the model construction. In level 2, the physicochemical variables were influenced by several types of soil use and stochastic environmental variables, such as the cumulative precipitation (CPREC) and water temperature.
The upper level (level 3), represented by the number species of Cyanophyta (CN), Clorophyta (CPL), Bacillariophyta (DTM) and Chlorophyll a (Clp_a) concentration was influenced by the preceding levels, particularly by environmental variables, including the stochastic ones (Table 2) . Several studies, all over the world, have demonstrated that these environmental variables played an important role in structuring phytoplankton assemblages, namely nutrient concentrations, water mineral content, pH, temperature, dissolved oxygen and silicon (EPA, 1998; Dokulil and Teubner, 2000; Wetzel, 2001; Figueiredo et al., 2006; McIntire et al., 2007) . The influence of nitrogen (NH 4 and NO 3 ) concentration either negative on species richness of CN and CPL or positive on species richness of DTM corroborates other studies in worldwide reservoirs that have come to similar results (e.g., Figueiredo et al., 2006; McIntire et al., 2007) . Moreover, the inorganic nitrogen hypothesis suggests that the forms and amounts of inorganic nitrogen favor different algal groups. Non-N-fixing Cyanobacteria are favored by ammonium-nitrogen, while eukaryotic phytoplankton develops when nitrate-nitrogen is the main Ncomponent present (Dokulil and Teubner, 2000; Figueiredo et al., 2006) . Scarcity of nitrogen induces nitrogen-fixation and hence favors the development of species capable to fix molecular nitrogen (Blomqvist et al., 1994; Dokulil and Teubner, 2000) . This could explain the apparent contradictory results obtained for the influences of NH 4 in dry or wet years for this algal group (Table 2) . Some authors have demonstrated that diatoms were positively correlated with trophic gradients, high TN/TP-ratios, water mineral content and hardness (Negro and De Hoyos, 2005) .
All these hypotheses largely corroborate the obtained results, as shown in Table 2 .
Conceptualization of the model and equations
The conceptual diagram of the model shown in Fig. 2 is based on the perceived dynamic relationships between different soil uses present in the Douro watershed (level 1), expressed by the trends of the land cover recorded through a decade, from 1990 to 2000. In this level, the model included eleven state variables related to land cover: Artificial Territories (ART TERT), The increase rates used for artificial territory, olive grove, vineyard and shrubby vegetation were calculated according to the ratio ((soil use area in 2000 À soil use area in 1990)/soil use area in 1990)) (Chaves et al., 2000) . Since the time unit chosen was the month, because it captures in an acceptable way the behaviour of the variables at the lower scales of our proposed approach (levels 2 and 3), the increase rates (Total increase rate ART TERT, Total increase rate OLV, Total increase rate VIN, Total increase rate BRN to SRB and Total increase rate SRB to FRT) were converted to monthly periods (increase rate ART TERT month, increase rate OLV month, increase rate VIN, increase rate BRN to SRB month and increase rate SRB to FRT month) by using the appropriated rate conversions described in Annex 1 (Composed variables). The simulation period for a decade was expressed in months, i.e., 120 months (see Annex 1, constants).
In each time unit, the available area for each type of expansible soil use (Total available area ART TERT, Total available area DCROPS_SRB, Total available area OLV_VIN) (Annex 1, Composed variables) was calculated by the sum of all the pertinent soil use areas which were expected to be occupied by these activities (N Total affected areas; see Annex 1, Composed variables). Although this version of the model is now prepared to simulate new scenarios, such as the effect of one or two fires and/or the consequences of a reforestation action in reservoir's water quality, it is not the goal of the present paper to extend the line of post-validation applications, as the subsequent article in preparation by our team follow this goal.
The conceptual diagrams presented in Figs. 3 and 4 reflect the relationships detected in multiple-regression analysis (Table 2 ) and on existing relevant regional data sets. Therefore, the StDM model includes globally the following 27 state variables: eleven related to the soil use dynamics (level 1), twelve related to physicochemical variables (level 2) and four related to biological metrics (level 3) (Figs. 2-4, respectively) . Since difference equations that described the processes affecting the state variables from the levels 2 and 3 were expressed in logarithms, the initial values of these state variables were expressed in logarithms of the original units (Annex 1, State variable equations and Process equations). Later, for validation purposes, the initial value (December 1995) was discarded, since only in t1 (first point of the simulation) it was possible to take into account the influences of the environmental variables, whose seasonal fluctuations were introduced into the model as table functions (Annex 1, Table functions ). The selected biological metrics largely depend on weather conditions, namely on precipitation and related variables like water residence time (Reynolds, 1984; Basu and Pick, 1996; EPA, 1998; Dokulil and Teubner, 2000) . Therefore, two different complementary equations were calculated for each state variable of phyroplankton groups considered, depending on the monthly precipitation. The categorization in dry or wet months was determined by comparing monthly cumulative precipitations with the reference historical values of monthly precipitation obtained from the period between 1961 and 1990 (Portuguese Weather Institute, 2007 . Consequently, the simulation performance of a given state variable results from the calculations of two alternative equations automatically selected in response to Table 1 . the monthly precipitation influence (Fig. 4 , Table 2 and Annex 1, State variable equations). The inflows affecting the state variables, in levels 2 and 3, were based on the positive constants and all positive partial coefficients of each variable resulting from the previous multiple-regression analysis (Figs. 3 and 4 , Table 2 and Annex 1, State variable and Process equations). Chlorophyll a and the number of species of Cyanophyta, Bacillariophyta and Chlorophyta were affected by two inflows corresponding to the conditions of dry or wet months (Clp_a gains Dry, Clp_a gains Wet, CLP gains Dry, CLP gains Wet, CN gains Dry, CN gains Wet, DTM gains Dry and DTM gains Wet). Using the same criteria, each one of these state variables was affected by two outflows related to the negative constants and partial regression coefficients (Figs. 3  and 4, Table 2 and Annex 1, State variable and Process equations) (Clp_a losses Dry, Clp_a losses Wet, CLP losses Dry, CLP losses Wet, CN losses Dry, CN losses Wet, DTM losses Dry, DTM losses Wet). To complement the information about the ecological status of reservoir's water quality, the trophic state indices (TSI) based on chlorophyll a, total nitrogen, total phosphorus and Secchi disk depth outputs were introduced into the model (Figs. 3 and 4, Annex 1, Composed variables) . Although the StDM simulations for each physicochemical or biological metric were composed of a given value per time unit, the respective state variable might had a cumulative behaviour over time in response to environmental condition changes. Therefore, to prevent this from happening, sixteen outflow adjustments were incorporated in the model (Level 2: BDO adjust, Cl adjust, Hard adjust, NH 4 adjust, NO 3 adjust, DO adjust, pH adjust, PO 4 adjust, SiO 2 adjust, SO 4 adjust, TotColf adjust, Turb adjust; Level 3: Clp_a adjust, CLP adjust, CN adjust, and DTM adjust) aiming to empty the state variables at each time step, by a ''flushing cistern mechanism'', before beginning the next step with new environmental influences (Figs. 2 and 3 , Annex 1, State variable and Process equations). For process compatibilities and a more realistic comprehension of the model simulations, some conversions were introduced, denominated associated variables (Figs. 2-4 and Annex 1, Associated variables). Regarding biological and physicochemical variables, these conversions were obtained through an inverse transformation (anti-logarithmic), which transforms logarithms into the original measurement units Table 1 .
(Level 2: BDO, Cl, Hard, NH 4 , NO 3 , DO, pH, PO 4 , SiO 2 , SO 4 , TotColf, Turb; Level 3: Clp_a, CLP, CN, and DTM). The output of the level 1 (soil uses) were logarithm transformed for a compatible integration in the balances of the state variables from the levels 2 and 3 (Figs. 2 and 3 , Annex 1, Associated variables). This transformation was incorporated because the data required for the state variables balances in levels 2 and 3 should have the same units used to obtain the partial regression coefficients, assumed as holistic ecological parameters (see Section 2). Therefore, only logarithms of the soil uses are acceptable in the inflows and outflows of these state variables (Figs. 2 and 3 , Table 2 and Annex 1, State variable and Process equations). Thus, the StDM model is prepared for receiving and transforming real data from the variables in level 1 and to convert logarithmic outputs from state variables simulations into original units in levels 2 and 3. Some environmental values, were assumed as static in each reservoir, without any variation during the simulated period, and, therefore, were introduced as environmental constants (Annex 1, Constants). The stochastic behaviour of some environmental variables were determined by RANDOM functions, with a monthly variation, taking into account the standard deviations limits for each environmental variable considered (Fig. 5 and Annex 1, Other functions).
3.3.
Model simulations Table 1 .
validated by the MODEL II regression analysis (Table 3) . Despite the non-significant results for the remaining simulations, it was easily recognized a logic behavioural pattern for NO 3 and Clp_a (Figs. 6 and 7, respectively; Table 3 ) consistent with the observed parameters at the Torrã o's reservoir for the same real conditions. Moreover, some of the non-validated variables, namely Clp_a, PO 4 , NH 4 and NO 3 (Table 3) , when expressed in the respective four metrics based on Carlson's Trophic Status Index criteria, were able to capture, with a notable performance, the expected behaviour of these transformed metrics (Table 3 and Fig. 7) . A relative stable seasonal pattern of phytoplankton succession and biomass variations were observed for all the biological variables analysed (Figs. 6 and 7) . These patterns were consistent with the behaviour of these groups facing similar contexts of other temperate lakes and reservoirs (Reynolds, 1984; Oliveira, 1987; Mischke, 2003; Figueiredo et al., 2006) . These seasonal successions are strongly conditionated Table 1 . e c o l o g i c a l i n d i c a t o r s 9 ( 2 0 0 9 ) 3 2 9 -3 4 5 by meteorological and stratification-mixing processes (Wetzel, 2001 ). Therefore, the variation in the abundance of the total phytoplankton, represented by the chlorophyll a content simulations, shown a credible seasonal pattern with an earlier maximum occurring through spring and early summer to a maximum in July, and a second peak associated with early stages of autumnal destratification. This ''dimictic'' pattern is probably typical of many ''mesotrophic'' shallow (<30 m) temperate lakes and reservoirs (Reynolds, 1984; Wetzel, 2001; Mischke, 2003) . It is supposed that the two peaks reflect the coincidence of physically suitable growth conditions, with relatively high concentrations of limiting nutrients shortages of which prevent the attainment of large biomasses during the midsummer period (Reynolds, 1984; Domingues and Galvã o, 2007) . Seasonal succession pattern of phytoplankton in temperate dimictic reservoirs, similar to Torrã o, usually involves a winter minimum with species adapted to low light and temperature, a late winter-spring and autumn peaks of Table 1. diatom richness, followed rapidly by the development of green algae in the spring and finally the transition in late summer and early autumn to a peak of Cyanobacteria (Reynolds, 1984; Wetzel, 2001; Figueiredo et al., 2006) . As shown in Figs. 6 and 7, the model simulations were able to capture the expected pattern of these variables in this type of reservoirs.
Overall, the performance of the present simulation results shows some realism in capturing the behavioural patterns of the studied state variables, in general with higher statistical significance between simulated and observed values. Therefore, the state variables reflect well the shift of the environmental characteristics towards known conditions and are capable of responding with credibility to the dynamics of the underlying ecological ''cascade'' processes, implicit in a multiscale perspective (Figs. 6 and 7) . These results showed that the ecological indicators selected, as state variables, were not indifferent to changes in the ecological conditions, namely when conditions relatively unaffected by human activities were changed by man-induced disturbances. The relevant ecological drifts simulated are in agreement with real observations and other studies that investigated the biological consequences of environmental changes induced by particular anthropogenic impacts in these ecosystems.
Ecological modelling started with Lotka-Volterra and Streeter-Phelps in the 1920s, while the comprehensive use of models in environmental management started in the beginning of the 1970s. Meanwhile many models have been developed and today there are hundreds of ecological models which have been used as tool in research or environmental management (see Jørgensen, 1995 Jørgensen, , 1999 Jørgensen, , 2005 . Nowadays, in monitoring and management programs, the construction of predictive tools for ecological management, namely in terms of cost and speed of reliable assessment results, is crucial. In this scope, the methodology proposed is expeditious and easily applicable to new scenario affected by gradients of changes. In a preliminary deterministic approach, the StDM was developed to validate simulations of the interactions between some relevant biological metrics (benthic macroinvertebrates) and physicochemical conditions in selected static scenarios (Cabecinha et al., 2004; Silva-Santos et al., 2006) .
Although these simulations are encouraging, we believe that our present proposal will provide the development of a true management tool, namely taking into account stochastic/random phenomena that characterize the real ecological processes (Van der Meer et al., 1996) . Therefore, the main improvements are the stochastic background and the multi-level connections that gives realism to the interactions considered by incorporating into the model a typical ''cascade effect'' observed in the dynamic of the studied ecosystems. With regard to stochastic influences, they allowed to discriminate the maximum and minimum values of each stochastic environmental variable (as suggested by Dž eroski et al., 2000) and the seasonal random variation of the monthly accumulated precipitation over time. On the other hand, since the reservoirs are characterized by a high degree of heterogeneity in space and time, influenced by many interacting factors and by feedback mechanisms, this StDM multi-scale approach is particularly e c o l o g i c a l i n d i c a t o r s 9 ( 2 0 0 9 ) 3 2 9 -3 4 5 helpful to capture these multi-factor influences in natural stochastic scenarios. When compared to other modelling methodologies, such as Artificial Intelligence (Dž eroski et al., 1997; Kuo et al., 2006) , the StDM is more intuitive, namely in mathematical terms, providing easy explanations for the underlying relations between independent and dependent variables and because is based on conventional linear methods that allowed a more direct development of testable hypotheses. Dž eroski et al. (1997) referred that models produced in the form of rules, based on machine learning approaches, are transparent and can be easily understood by experts. The StDM exhibits these structural qualities but provides also simple, suitable and intuitive outputs, easily interpreted by non-experts (ranging from resource users to senior policy makers). Our StDM model captures the stochastic complexity of some holistic ecological trends, including true temporal and spatial gradients of stochastic environmental characteristics, which allowed the simulation of structural changes when habitat and environmental conditions are substantially changing due to anthropogenic-induced alterations.
Therefore, this study seems to represent a useful contribution for the holistic implementation of the WFD, namely for integrated assessments of the reservoirs ecological status within the environmental gradients or ''data space'' monitored.
Conclusions
The potential of StDM includes, at a multi-scale perspective, the interaction between ecological key-components and environmental conditions, with holistic and ecological relevance, from which management strategies can be designed to restore reservoir's biological communities that have been damaged by anthropogenic pressures, such as the eutrophication phenomena. The StDM model presented (PT103753 (pat. pend); Cabecinha et al., 2007a ) could be integrated, as an exploratory tool, in the Douro's watershed management program, allowing the precise simulation of more complicated scenarios, with introduction of new mitigation measures, interactions and interferences with precise applicability conditions. The ultimate goal is to produce simulation models that permit the creation of multi-scale patterns from changes in watersheds, whose patterns are the basis of spatially explicit ecological models (Costanza and Voinov, 2003) . Therefore, we believe that StDM will provide the development of more global techniques in the scope of this research area by creating expeditious interfaces with Geographic Information Systems, which will make the methodology more instructive and intuitive to decision-makers and environmental managers.
